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Summary

Laryngeal squamous cell carcinoma (LSCC) is one of the most common malignancies of the head 
and neck, and accurate staging is essential for optimal therapeutic decision-making. However, 
discrepancies between clinical-radiological staging and pathological findings, particularly in the 
assessment of thyroid cartilage invasion and lymph node involvement, may result in inappropriate 
treatment decisions. Radiomics has recently emerged as a quantitative imaging approach capable 
of extracting high-dimensional features from medical images, providing objective biomarkers that 
reflect tumour heterogeneity beyond visual assessment. This narrative review summarises cur-
rent evidence on radiomics applications in LSCC, including staging, cartilage invasion assessment, 
nodal evaluation, and prognostic stratification, and outlines the main steps of the radiomic work-
flow together with current methodological challenges. Recent studies indicate that radiomics, par-
ticularly when integrated with deep learning and clinical data, improves diagnostic and prognostic 

Cover figure. Radiomic workflow in laryngeal squamous cell carcinoma (LSCC): overview of 
the radiomic pipeline, including standardised image acquisition, pre-processing and normalisa-
tion, tumour segmentation, extraction of morphological, intensity-based and texture features, 
feature selection and dimensionality reduction, and integration with clinical data to develop 
predictive models supporting diagnostic and prognostic assessment in LSCC.
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performance compared with conventional imaging alone. However, methodological heterogeneity and limited external validation still restrict routine clinical 
implementation, and further standardisation and prospective multicentre validation are required before widespread clinical adoption.

Keywords: laryngeal squamous cell carcinoma, radiomics, machine learning, deep learning, magnetic resonance imaging, computed tomography, positron 
emission tomography

Introduction
Head and neck (HN) cancer represents the 7th most com-
mon malignancy worldwide 1. Within this group, laryngeal 
cancer ranks among the most frequent tumours, with ap-
proximately 190,000 new cases and over 100,000 deaths 
worldwide  2. Squamous cell carcinoma (SCC) constitutes 
the predominant histological subtype 3.
Tobacco and alcohol consumption are the main established 
risk factors for laryngeal SCC (LSCC) 4,5. Clinical presenta-
tion varies according to tumour location and extent. Glottic 
carcinomas typically present early with dysphonia, where-
as supraglottic tumours tend to manifest at more advanced 
stages and are often associated with late symptoms such as 
pain, persistent dysphonia, or dysphagia 6.
Preoperative treatment planning is mainly based on clini-
cal staging derived from endoscopic evaluation, including 
indirect and flexible laryngoscopy 7. Narrow band imaging 
further enhances diagnostic accuracy, with reported sensi-
tivity and specificity of 97% and 92.5%, respectively, for 
detecting LSCC and precursor lesions 8.
Imaging also plays a critical role in staging. Computed to-
mography (CT) is particularly effective for evaluating po-
tential bone invasion, while positron emission tomography 
(PET) – CT is useful for detecting recurrence, assessing lo-
cal disease spread, and identifying distant metastases in ad-
vanced stages 9. Surface-coil magnetic resonance imaging 
(MRI) offers superior diagnostic performance exhibiting 
higher sensitivity (80%) and specificity (92.9%) compared 
to CT (60% and 85.7%, respectively) in assessing thyroid 
cartilage involvement. MRI accuracy is further enhanced 
among experienced radiologists and shows improved inter-
observer agreement 10,11.
Despite these diagnostic advances, the accuracy of clini-
cal staging remains limited, as endoscopy and convention-
al imaging frequently yield stage assessments that do not 
correspond to the pathological findings. This limitation is 
clinically relevant, as staging directly influences therapeutic 
decision-making and the selection of surgical options; dis-
crepancies between clinical-radiological staging and patho-
logical findings may result in inappropriate surgical man-
agement, leading either to delayed definitive treatment or to 
overtreatment. Assessment of thyroid cartilage invasion is 

particularly challenging. Endoscopy cannot directly evalu-
ate cartilage involvement, and both CT and MRI frequently 
overestimate invasion, potentially resulting in unnecessary 
total laryngectomy 12,13.
To overcome the limitations of qualitative, morphology-
based imaging, which is subject to both inter- and intra-ob-
server variability, radiomics has emerged as a quantitative 
imaging approach capable of capturing tumour heterogene-
ity. Radiomics extracts high-dimensional quantitative fea-
tures from imaging data, providing biomarkers that reflect 
underlying properties which are not apparent on visual as-
sessment. Increasing evidence indicates that radiomics can 
enhance diagnostic accuracy and predictive modelling, sup-
porting more reliable staging, prediction of treatment re-
sponse, and prognostic stratification in LSCC 14.

Radiomics
The suffix “-omics” denotes various sources of large-scale 
data and is preceded by the name of the biological or physi-
cal domain from which such data are derived. Accordingly, 
the aim of radiomics is to extract quantitative information 
from radiological images using advanced computational 
methods  15. By converting images into high-dimensional 
data, radiomics enables the characterisation of tumour het-
erogeneity beyond what is visually appreciable, potentially 
supporting clinical decision-making within the framework 
of precision oncology.
Radiomic features can be categorised into intensity-based 
(first-order), shape-related, and texture-based measure-
ments  16. Among these, texture features have been inves-
tigated as surrogate markers of tumour heterogeneity, ena-
bling the extraction of many quantitative characteristics that 
may reflect underlying biological complexity 17. Numerous 
studies have evaluated radiomic features extracted from 
different imaging modalities – such as CT, PET, and MRI 
– across a wide range of tumour types 18-23, also assessing 
their reproducibility and variability in diverse clinical set-
tings 18,24-26.
Radiomic features have demonstrated significant predictive 
and prognostic values, showing correlations with tumour 
histology, grade, stage  27,28, and survival outcomes  18,19,22-

25,27.
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Furthermore, radiogenomic studies have identified associa-
tions between radiomic characteristics and gene expression 
profiles 18,21,23,29,30, highlighting the potential role of radiom-
ics in treatment personalisation across different oncological 
contexts.
However, further methodological development, increased 
standardisation, and large-scale validation are required to 
achieve true clinical implementation. As highlighted by 
Traverso et al. 31, many radiomic features are highly sensi-
tive to variations in image acquisition, reconstruction, pre-
processing, and segmentation parameters, underscoring the 
need for reproducible pipelines and genuinely stable radi-
omic biomarkers.
These considerations are particularly relevant in HN oncol-
ogy, and specifically in LSCC, where anatomical complex-
ity, motion artifacts, cartilage involvement, and small tu-
mour volumes pose additional challenges for image-based 
quantitative analysis. This review therefore aims to summa-
rise the main concepts, current evidence, and ongoing chal-
lenges of radiomics, focusing on its application to LSCC.

Radiomic workflow
The radiomic workflow requires a multidisciplinary ap-
proach and consists of several sequential phases, each of 
which can substantially influence the reliability of extracted 
features.
CT is the most used modality in radiomic studies, although 
the approach can be extended to PET, MRI, and ultrasound 
(US). CT and PET-CT provide inherently quantitative val-
ues, whereas MRI and US require a higher degree of stand-
ardisation to account for scanner- and protocol-dependent 
variability and ensure consistency. Harmonised acquisition 
protocols are essential to minimise variability  32, and im-
ages should be exported in lossless Digital Imaging and 
COmmunications in Medicine (DICOM) format. In paral-
lel, clinical data must be consistently collected and verified 
before integration with radiomic features 33.
Preprocessing steps – including intensity normalisation, 
bias-field correction, noise reduction, discretisation, resam-
pling, and filtering (e.g., Laplacian of Gaussian [LoG)] 
wavelet) – are applied to harmonise image data and im-
prove feature comparability, although they may influence 
extracted feature values. In MRI-based radiomics, intensity 
normalisation is generally required to mitigate scanner-
related variability 34, bias-field correction reduces intensity 
inhomogeneities 35, while spatial resampling is required to 
ensure comparability of voxel-dependent features 36,37.
Segmentation may be manual, semi-automatic, or fully au-
tomatic, and can encompass the tumour volume, subregions 

(“habitats”), or peritumoural areas 38,39. Automatic methods 
show greater reproducibility 25 but still require radiologist 
review; manual segmentation, conversely, necessitates esti-
mation of intra- and interobserver variability.
Handcrafted radiomic features can be broadly categorised 
into several families. Morphological (shape-based) features 
describe tumour geometry and size, including volume, 
surface area, sphericity, and compactness. Intensity-based 
(first-order) features quantify the distribution of voxel in-
tensities within the tumour, such as mean, median, variance, 
skewness, and entropy. Texture-based features capture spa-
tial relationships between voxel intensities and tumour het-
erogeneity and are derived from matrices such as the Grey 
Level Co-occurrence Matrix (GLCM), Grey Level Run 
Length Matrix (GLRLM), Grey Level Size Zone Matrix 
(GLSZM), Grey Level Dependence Matrix (GLDM), and 
Neighborhood Grey Tone Difference Matrix (NGTDM). 
Finally, higher-order features are obtained from mathemati-
cal transforms or filtered images, including wavelet decom-
position, LoG, and local binary patterns (LBP). Definitions 
and calculation methods for all these features are standard-
ised according to the Image Biomarker Standardisation Ini-
tiative (IBSI) 37.
Predictive modelling typically integrates radiomic features 
with clinical data and requires independent validation, or 
alternatively, rigorous cross-validation. Statistical compara-
bility between training and validation sets must be verified. 
Feature stability should be assessed using the Intraclass 
Correlation Coefficient (ICC), with thresholds between 
0.75 and 0.90 considered acceptable 40,41, preferably evalu-
ated through test-retest studies.
Dimensionality reduction and feature selection – using fil-
ter, wrapper, or embedded methods, or regularisation tech-
niques such as Least Absolute Shrinkage and Selection 
Operator (LASSO), ridge regression, or elastic net – are es-
sential to prevent redundancy and overfitting.
Software selection should consider transparency, update 
frequency, Picture Archiving and Communication System 
(PACS) integration, and adherence to IBSI standards; how-
ever, compliance with IBSI alone does not guarantee repro-
ducibility, which also depends on parameter harmonisation 
and consistency across software versions 42. 
Radiomic workflow is summarised in the Cover figure.

Materials and methods

Search strategy
A narrative review of the recent literature was performed on 
PubMed/MEDLINE and Scopus database by 2 independent 
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reviewers (S.L. and A.V.). The search strategy used combi-
nations of the terms “laryngeal cancer”, “radiomics”, “deep 
learning (DL)”, “MRI”, “CT”, and “PET-CT.” Original arti-
cles, review papers, and imaging studies relevant to the ap-
plication of radiomics in staging, prognosis, and prediction 
of treatment response in LSCC were considered eligible. 
The aim was to identify and select the most representative 
studies for a critical discussion of the current state of the art.

Eligibility criteria
Original articles applying radiomics and/or DL to LSCC 
for diagnostic purposes, staging, prognostic assessment, or 
prediction of treatment response were included. Studies in-
volving mixed HNSCC cohorts were included only when 
extractable LSCC-specific data were available or when the 
study was deemed methodologically relevant. Review arti-
cles and methodological papers were considered to contex-
tualise the current state of the art. Given the narrative nature 
of this review, the literature search was not intended to be 
exhaustive but rather focused on recent, clinically relevant, 
and methodologically representative studies, with particu-
lar emphasis on publications from the last decade. Ear-
lier seminal contributions were selectively included when 
necessary to provide historical or methodological context. 
Conference abstracts, case reports, studies not incorporat-
ing quantitative imaging feature analysis, and publications 
without accessible full text were excluded. Only articles 
published in English were considered eligible.

Population description
Recent scoping and systematic reviews identified 30 radi-
omics studies specifically focused on LSCC. Among these, 
most applied contrast-enhanced CT (18 studies), while few-
er used multiparametric MRI (2 studies) or 18F-FDG PET-
CT (3 studies). Additional studies investigated mixed HN-
SCC populations or incorporated radiomics with advanced 
Artificial Intelligence (AI) methodologies such as federated 
learning or explainable AI.

Results
Recently, several studies have explored the application of 
radiomics to the staging of laryngeal carcinoma, with par-
ticular focus on T classification, assessment of cartilage in-
vasion, and N staging. Table I summarises the performance 
metrics and major findings of the studies reviewed.

Radiomic workflow
Radiomic studies on laryngeal carcinoma exhibit substan-
tial methodological heterogeneity, although several recur-

ring technical elements reflect present research standards in 
the field. All study objectives are depicted in Table II.
Most CT-based studies used post-contrast acquisitions, fol-
lowed by manual three-dimensional segmentation of the 
tumour volume and standardised preprocessing procedures, 
including isotropic resampling, intensity discretisation, and 
– when required – signal normalisation 43-45. Feature extrac-
tion typically incorporated morphological, first-order, and 
texture descriptors, using standardised radiomic definitions 
largely consistent with IBSI recommendations; in some 
studies, these features were further supplemented with 
wavelet-filtered features or habitat-oriented approaches to 
better characterise intralesional heterogeneity 46,47.
Feature selection predominantly relied on regularisation 
techniques, most notably LASSO, whereas predictive 
modelling frequently employed logistic regression or Cox 
proportional hazards models. More recent studies have ex-
plored DL-based approaches and hybrid frameworks inte-
grating handcrafted radiomic features with DL-derived rep-
resentations to improve predictive performance 48-50.
Only a minority of CT-based studies incorporated inde-
pendent external validation; for example, Kang et al.  51 
relied on internal cohort splitting, highlighting a common 
methodological limitation and underscoring the need for 
more robust, multi-institutional, validation strategies.
MRI-based studies, in contrast, implemented more com-
plex analytical pipelines, reflecting the non-quantitative 
nature and higher intrinsic variability of MRI signal inten-
sities. These investigations predominantly adopted mul-
tiparametric protocols, typically including T1-, T2-, and 
contrast-enhanced T1-weighted sequences 52,53. Preprocess-
ing consistently incorporated bias-field correction, intensity 
normalisation, and voxel-size harmonisation to mitigate 
scanner- and acquisition-related variability  52,53. Feature 
extraction largely followed standardised, handcrafted radi-
omic workflows aligned with IBSI definitions, while some 
recent studies additionally integrated DL-based represen-
tations  52. Feature selection commonly relied on regulari-
sation-based or filter methods, such as LASSO, whereas 
predictive modelling employed logistic regression, support 
vector machines, or hybrid machine learning (ML) – DL ar-
chitectures  52,53. Notably, MRI-based investigations placed 
greater emphasis on feature reproducibility, frequently 
quantified using intraclass correlation coefficients, reflect-
ing the inherent variability of MRI signal intensities 52,53.
PET-CT-based studies, although fewer in number, gener-
ally reported well-structured and methodologically con-
sistent workflows. Tumour segmentation was commonly 
performed using semi-automatic approaches, including gra-
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Table I. Summary of model characteristics and study conclusions.

Author/year Model AUC/C-index 
training

AUC/C-index 
validation

Conclusion

Chen et al., 2020 43 Radiomics signature C-index ~ 0.78 C-index ~ 0.75 Radiomics improved OS/PFS prediction vs clinical 
modelClinical nomogram C-index ~ 0.80 C-index ~ 0.81

Radiomics nomogram C-index ~ 0.82 C-index ~ 0.91

Rajgor et al., 2024 44 Clinical-only model C-index ~ 0.65 - Radiomics independently predicted survival

Combined model C-index ~ 0.76 -

Qi et al., 2024 46 Radiomics from whole-tumour AUC ~ 0.82 (KNN) AUC ~ 0.70 (KNN) Whole-tumour radiomics improved prediction of 
immunophenotypeAUC ~ 0.80 (NB) AUC ~ 0.72 (NB)

AUC ~ 0.78 (LR) AUC ~ 0.74 (LR)

Radiomics from habitat region AUC ~ 0.86 (KNN) AUC ~ 0.61 (KNN)

AUC ~ 0.76 (NB) AUC ~ 0.61 (NB)

AUC ~ 0.74 (LR) AUC ~ 0.61 (LR)

Dong et al., 2025 47 Habitat radiomics nomogram AUC ~ 0.80 AUC ~ 0.77 HI radiomics improved prediction of Ki-67 positivity

Jiang et al., 2025 48 Clinical C-index ~ 0.68 C-indexint ~ 0.63 Improved survival prediction

C-indexext ~ 0.60

RS C-index ~ 0.71 C-indexint ~ 0.68

C-indexext ~ 0.62

DLS C-index ~ 0.74 C-indexint ~ 0.73

C-indexext ~ 0.73

Hybrid RS-DLS C-index ~ 0.83 C-indexint ~ 0.81

C-indexext ~ 0.74

Ma et al., 2025 49 Clinical C-index ~ 0.76 C-indexext ~ 0.60 Multi-channel deep learning radiomics model showed 
promising performance for predicting OSRadiomics C-index ~ 0.84 C-indexext ~ 0.73

Deep learning C-index ~ 0.85 C-indexext ~ 0.72

Deep learning radiomics 
nomogram

C-index ~ 0.90 C-indexext ~ 0.73

Kang et al., 2023 51 Clinico-pathological + radiomics C-index ~ 0.80 C-index ~ 0.74 Predicted PR and OS

Wang et al., 2019 57 Radiologist performance AUC ~ 0.77 AUC ~ 0.78 Improved preoperative T staging accuracy

Radiomics AUC ~ 0.86 AUC ~ 0.77

Combined AUC ~ 0.89 AUC ~ 0.78

Guo et al., 2020 58 Radiologist AUC ~ 0.72 - Improved prediction of cartilage invasion

Radiomic LR AUC ~ 0.88 -

Radiomic LR-SVM SMOTE AUC ~ 0.90 - 

Xie et al., 2025 52 Radiologist AUC ~ 0.72 AUCext ~ 0.71 Improved stage disease discrimination (I-II vs III-IV)

Radiomics AUC ~ 0.86 AUCext ~ 0.84

Deep learning AUC ~ 0.82 AUCext ~ 0.81

Deep learning + radiomics AUC ~ 0.91 AUCext ~ 0.88

Zhong et al., 2021 54 PET AUC ~ 0.91 AUC ~ 0.82 Improved outcome prediction

CT AUC ~ 0.94 AUC ~ 0.72

Clinical AUC ~ 0.88 AUC ~ 0.70

PET+CT AUC ~ 0.93 AUC ~ 0.94

Choi et al., 2024 55 Clinical C-index ~ 0.76 C-index ~ 0.89 Combined features predicted PFS better than SUV 
metricsClinical + radiomics C-index ~ 0.80 C-index ~ 0.89

Clinical C-index ~ 0.80 C-index ~ 0.92 Combined features predicted OS better than SUV 
metricsClinical + radiomics C-index ~ 0.86 C-index ~ 0.96

u
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dient-based algorithms or standardised uptake value (SUV) 
–based thresholding strategies to delineate metabolically 
active tumour volumes, often followed by visual inspec-
tion and manual refinement  54,55. Preprocessing typically 
involved voxel-size standardisation and intensity discretisa-
tion, and in multi-scanner settings also included harmoni-
sation procedures, reflecting the quantitative nature of PET 
signal acquisition 54-56. Extracted features comprised SUV-
derived metrics, metabolic volume-related parameters, and 
three-dimensional texture descriptors  56. Feature selection 
strategies included regularisation-based methods such as 

LASSO as well as alternative feature-ranking approaches, 
while predictive modelling relied on ML classifiers-includ-
ing support vector machines and random forests or survival 
-oriented models, primarily for prognostic stratification 54-

56. As with CT and MRI radiomics, validation in PET-CT 
studies remained predominantly internal, most commonly 
using cross-validation or internal split-sample approaches.
Overall, the available literature highlights a predominance 
of radiomic pipelines based on handcrafted features, a pro-
gressive integration of DL methodologies in both feature 
extraction and modelling phases, and substantial variability 

Table I. continues. 

Author/year Model AUC/C-index 
training

AUC/C-index 
validation

Conclusion

Nakajo et al., 2023 56 PET radiomics AUC ~ 0.81 AUC ~ 0.84 Improved prognostic prediction

Liang et al., 2025 60 Clinical imaging AUC ~ 0.83 AUC ~ 0.82 Accurate LNM prediction

Conventional radiomics AUC ~ 0.86 AUC ~ 0.82

Deep learning radiomics AUC ~ 0.91 AUC ~ 0.83

DL-radiomics nomogram AUC ~ 0.93 AUC ~ 0.86
AUC: area under the curve; CT: computed tomography; DLS: deep learning score; HI: habitat imaging; KNN: K nearest neighbor; LNM: lymph node metastasis; LR: logistic regression; 
NB: naïve bayes; OS: overall survival; PET: positron emission tomography; PFS: progression free survival; PR: pathological response; RS: radiomic score; SMOTE: synthetic minority 
over-sampling technique; SUV: standard uptake value; SVM: support vector machine.

Table II. Study characteristics.

Author/year No. of patients Study type Imaging modality Segmentation Radiomics/model
development

Chen et al., 2020 43 136 Retrospective CT Manual 3D ROI Handcrafted radiomics; LASSO-Cox

Qi et al., 2024 46 106 Retrospective CT Manual 3D + habitat 
segmentation

Handcrafted + wavelet; ML classifiers

Dong et al., 2025 47 128 Retrospective CT (dual-energy) Manual 3D + 
K-means habitats

Handcrafted + wavelet; ML + 
nomogram

Jiang et al., 2025 48 349 (Centre 1) Retrospective multicentre CT Manual 3D VOI Radiomics + CNN; cox models

78 (Centre 2)

Ma et al., 2025 49 156 (Centre 1) Retrospective multicentre CT Manual 3D VOI Radiomics + DL features; cox 
nomogram116 (Centre 2)

Kang et al., 2023 51 114 Retrospective CT Manual ROI Handcrafted radiomics; LASSO + 
regression

Xie et al., 2025 52 401 (Centre 1-2) Retrospective multicentre MRI Manual 3D VOI Radiomics + DL; random forest

Chen et al., 2024 53 351 (Centre 1-2) Retrospective multicentre MRI Manual 3D VOI Radiomics; ML classifiers + nomogram

Zong et al., 2021 54 72 Retrospective PET/CT Semi-automatic SUV-
threshold + manual

Radiomics; random forest

Choi et al., 2024 55 91 Retrospective PET/CT Gradient-based 
semi-automatic

Radiomics; LASSO + survival models

Nakajo et al., 2023 56 100 Retrospective PET/CT SUV-threshold VOI Radiomics; ML + survival ML
CNN: convolutional neural network; CT: computed tomography; DL: deep learning; LASSO: least absolute shrinkage and selection operator; ML: machine learning; PET: positron 
emission tomography; ROI: region of interest; SUV: standard uptake value; VOI: volume of interest.
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in segmentation procedures, feature stability assessments, 
and validation strategies.

T category assessment
Radiomics has demonstrated a significant contribution to 
improving the accuracy of T staging in laryngeal cancer, 
particularly in overcoming the limitations of conventional 
imaging for assessing cartilage invasion. One of the earliest 
systematic investigations was conducted by Wang et al. 57, 
who developed a CT-based radiomic nomogram to improve 
discrimination between T categories. In a retrospective co-
hort of 211 patients with LSCC, more than 1300 radiomic 
features were extracted from preoperative CT scans and 
subsequently reduced through reproducibility testing and 
LASSO-based feature selection. The radiomic signature 
alone achieved an Area Under the Curve (AUC) of 0.850 
in the training cohort and 0.862 in the validation cohort, 
outperforming T staging based on radiologists’ assess-
ment (AUC 0.751 and 0.775, respectively). Importantly, 
the combined radiomic nomogram integrating the radiomic 
signature with radiologist-reported T category further im-
proved diagnostic performance, reaching an AUC of 0.899 
in the training set and 0.892 in the validation cohort. This 
approach showed superior capability in distinguishing T3 
from T4 tumours, a well-recognised diagnostic challenge in 
the presence of inflammatory changes, incomplete cartilage 
ossification, or extra-laryngeal extension.
Consistent with these findings, Guo et al. 58 investigated the 
prediction of thyroid cartilage invasion in patients with la-
ryngeal and hypopharyngeal SCC, a key determinant for 
distinguishing T3 from T4 disease. Radiomics-based mod-
els, including logistic regression and logistic regression 
combined with support vector machine-based synthetic 
minority oversampling, achieved higher AUC values (0.876 
and 0.905, respectively) than radiologist assessment (AUC 
0.721). These results indicate that CT-based radiomic fea-
tures can improve the detection of thyroid cartilage invasion 
compared with conventional visual assessment.
More recent developments have integrated DL techniques, 
combining handcrafted radiomic features with CNN-
derived representations. Chen et al.  59 developed a hybrid 
CT-based model to distinguish early-stage (I-II) from ad-
vanced-stage (III-IV) disease in a cohort of 319 patients. In 
the test set, the combined model achieved an AUC of 0.849, 
outperforming both pure radiomics (0.704) and standalone 
DL (0.724). Gradient-weighted Class Activation Mapping 
(Grad-CAM) was used to visualise model attention, sug-
gesting a focus on tumour-related regions. Overall, these 
results support the complementary value of integrating ra-

diomics and DL features, which capture different and po-
tentially synergistic aspects of tumour phenotype.
Adding to this evidence, Xie et al. 52 extended this approach 
to multiparametric MRI in a multicentre setting. In a cohort 
of 401 patients, the authors developed radiomics-based, DL-
based, and integrated models for preoperative T-category 
classification. The integrated model achieved the best per-
formance, with an AUC of 0.913 in the internal test set and 
0.877 in the external validation cohort, significantly outper-
forming expert radiologists (AUC ≈ 0.71). Interpretability 
analyses using SHapley Additive exPlanations (SHAP) and 
Grad-CAM illustrated that radiomic features and DL con-
tributed complementary information to the model’s predic-
tions, supporting the added value of their integration.

N category assessment
Recently, increasing interest has focused on the applica-
tion of radiomics for preoperative N category assessment 
in LSCC. Liang et al. 60 developed a multimodal nomogram 
integrating clinical imaging features, handcrafted radiomic 
features, and CT-derived DL radiomics in a cohort of 235 
patients. The combined DL-radiomics (DLR) nomogram 
achieved excellent performance in discriminating nodal 
metastatic status, with AUCs of 0.934 in the training set and 
0.864 in the validation set, outperforming models based on 
clinical imaging features, conventional radiomics, or DLR 
alone. Notably, the proposed approach demonstrated im-
proved accuracy over conventional CT morphologic criteria 
commonly used for nodal staging. 

Prognostic applications
Radiomics has been also investigated as a prognostic tool 
in LSCC. In the CT setting, Chen et al. 43 demonstrated that 
a preoperatively extracted radiomics signature predicted 
overall survival (OS), achieving C-indices of 0.78 in the 
training cohort and 0.75 in the validation cohort. The in-
tegration of radiomic features with clinical variables into a 
radiomics nomogram further improved prognostic perfor-
mance, yielding C-indices of 0.82 and 0.91 in the training 
and validation cohorts, respectively. 
Qi et al. 46 evaluated the prognostic relevance of CT-based 
radiomics-derived immunophenotyping in LSCC, compar-
ing whole-tumour and habitat-based approaches. In the 
testing cohort, the whole-tumour model using logistic re-
gression achieved higher discriminative performance for 
immunophenotype classification than the habitat-based K-
Nearest Neighbors (KNN) model (AUC 0.741 vs 0.611), 
although the difference was not statistically significant 
(p  =  0.112). Importantly, multivariable Cox regression 
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analysis demonstrated that radiomics-predicted immu-
nophenotyping derived from the optimal model was an 
independent predictor of unfavorable disease-free survival 
(DFS) (p = 0.009) and OS (p = 0.008) in patients affected 
by LSCC.
Integrated DLR models have also been applied for prognos-
tic assessment. Jiang et al. 48 reported that a hybrid CT-based 
DLR model achieved strong prognostic performance for 
recurrence-free survival (RFS), with a C-index up to 0.83 
and time-dependent AUCs reaching ~0.89 (3-year AUC in 
the training cohort). Similarly, Chen et al.  50 developed a 
contrast-enhanced CT-based DLR framework initially de-
signed for local invasion assessment; however, the derived 
DL signature was independently associated with DFS, sup-
porting its prognostic relevance.
Within the PET-CT domain, Nakajo et al.  56 showed that 
combining metabolic and textural radiomic features can 
enhance prognostic modelling. A Naïve Bayes classifier 
achieved AUCs of approximately 0.81-0.84 for progression 
prediction, while a Random Survival Forest model reached 
C-indices of about 0.81-0.84 for progression-free survival 
(PFS) estimation. 
Using a pre-post treatment PET-CT radiomics framework, 
Choi et al.  55 demonstrated that radiomic features were 
independently associated with both PFS (p  =  0.024) and 
OS (p  =  0.009). The combined clinical-radiomic models 
achieved robust discrimination, with C-indices for PFS 
and OS reaching approximately 0.80-0.89 and 0.86-0.96, 
respectively.

Discussion
Recent literature indicates that radiomics is progressively 
emerging as a promising tool in the characterisation of 
LSCC, contributing to advances in preoperative staging, 
prognostic stratification, and treatment planning. By ena-
bling the extraction of quantitative descriptors from CT, 
MRI, and PET-CT images, radiomics helps address key 
limitations of conventional imaging, which relies primarily 
on qualitative assessment and is subject to inter- and intra-
observer variability. The integration of AI methods further 
enhances this capability by enabling the analysis of mor-
phological, intensity-based, and textural patterns that may 
not be readily captured by visual assessment alone, thereby 
offering complementary information related to tumour het-
erogeneity and underlying biological characteristics 52,61.
Several early studies, including that by Wang et al. 57, dem-
onstrated that radiomics can improve discrimination among 
clinically relevant T categories, particularly between T3 

and T4 tumours, where assessment of cartilage invasion 
remains challenging. Consistent findings were reported by 
Guo et al. 58, who developed a CT-based radiomic model for 
predicting thyroid cartilage invasion that significantly out-
performed expert visual assessment. These results highlight 
the potential of radiomics to provide complementary quan-
titative information beyond conventional imaging evalua-
tion, potentially reducing diagnostic uncertainty in the as-
sessment of cartilage involvement.
Building on this line of research, Chen et al. 50 further ex-
plored CT-based DL approaches and demonstrated that 
DL-derived models, particularly 2D architectures, achieved 
superior and more stable performance than handcrafted 
radiomics models and expert readers in predicting thyroid 
cartilage invasion, underscoring the ability of DL to learn 
high-level imaging representations beyond manually engi-
neered features.
This synergistic effect was further confirmed in the mul-
ticentre MRI study by Xie et al. 52, in which an integrated 
radiomics-DL model surpassed both unimodal approaches 
and the diagnostic performance of experienced radiologists. 
Together, these studies indicate that DL is particularly ef-
fective in capturing complex tumour morphology, while ra-
diomics provides structured and reproducible measures of 
intratumoural heterogeneity.
Increasing attention has also been directed toward nodal 
staging. Liang et al. 60 developed an integrated nomogram 
incorporating clinical variables, radiomic features, and DL-
derived information, demonstrating superior performance 
compared with conventional morphology-based CT criteria 
for predicting lymph node metastasis. These findings sug-
gest that radiomics-based approaches may improve nodal 
assessment beyond size-based and structural criteria, with 
potential implications for surgical planning and radiothera-
py target delineation.
In the prognostic domain, 18F-FDG PET-CT-based radiom-
ics has shown encouraging results. Choi et al.  55 demon-
strated that radiomics features extracted from longitudinal 
pre- and post-treatment PET-CT examinations were signifi-
cantly associated with PFS and OS, and improved prog-
nostic stratification when integrated with clinical variables. 
Similarly, Nakajo et al.  56 demonstrated that ML-based 
analysis of pretreatment 18F-FDG PET radiomic features 
provided robust prognostic stratification for disease pro-
gression, highlighting the value of PET-derived textural 
heterogeneity in outcome prediction.
Complementary CT-based studies further support the clini-
cal relevance of radiomics. Kang et al. 51 demonstrated that 
CT-derived radiomic features were significantly associated 
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with pathological response to induction chemotherapy in 
locally advanced LSCC, with the resulting radiomic signa-
ture also showing prognostic value for OS, while Chen et 
al. 43 developed a CT-based radiomic nomogram that dem-
onstrated significantly superior prognostic performance 
compared with conventional AJCC/TNM staging.
Despite these encouraging findings, several challenges con-
tinue to limit the clinical translation of radiomics. Most 
published studies remain retrospective and single centre, 
often with relatively small cohorts, increasing the risk of 
overfitting and restricting generalisability. Moreover, sub-
stantial heterogeneity in imaging acquisition, segmenta-
tion approaches, feature extraction pipelines, and modeling 
strategies has led to inconsistent identification and limited 
reproducibility of predictive radiomic signatures across 
studies 62-67. Although the IBSI has proposed harmonisation 
guidelines, their widespread adoption remains limited.
The lack of external validation remains an additional bar-
rier, because validation is often restricted to internal split-
sample cohorts and/or small validation sets, while truly 
independent external testing is inconsistently performed, 
limiting robustness and reproducibility of proposed mod-
els 43,55,60,63.
Despite their promising predictive performance, the de-
ployment of ML and DL models in clinical practice re-
mains challenging. Emerging methodologies may help ad-
dress these limitations. Federated learning offers a potential 
framework for developing robust, multi-institutional radi-
omic models while preserving data privacy 68.
In summary, current evidence supports the potential role 
of radiomics as a valuable adjunct for staging, prognos-
tic assessment, and treatment planning in LSCC, enabling 
quantitative characterisation of tumour heterogeneity be-
yond conventional imaging. However, widespread clinical 
adoption will require standardised imaging protocols, pro-
spective multicentre validation, and improved interpret-
ability of advanced analytical models to ensure reliability 
and clinical trust.

Conclusions
Radiomics is an emerging tool in the evaluation of LSCC, 
with promising applications in staging, prognostic assess-
ment, and prediction of treatment response. Models inte-
grating radiomic features with DL and clinical variables 
have shown improved performance compared with conven-
tional imaging in selected settings, suggesting added value 
in capturing tumour heterogeneity. However, routine clini-
cal adoption remains limited by methodological variability, 

small single-centre cohorts, lack of external validation, and 
the limited interpretability of advanced algorithms. Pro-
gress in standardisation, multicentre prospective studies, 
and explainable AI will be essential to ensure reproducibil-
ity and clinical reliability.
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